This work presents a systematic review of techniques for the 3D automatic detection of pulmonary nodules in computerized-tomography (CT) images.
Introduction
Lung cancer is the leading cause of cancer deaths in the world [1] . In developed countries, patients diagnosed with this pathology have a five-year survival rate between 10 and 16%. This occurs because about 70% of lung cancer cases are diagnosed in advanced stages, preventing effective treatments. However, in cases where lung cancer is diagnosed in early stages, the five-year survival rate increases to 70% [2] .
Computerized tomography (CT) has become the most sensitive imaging modality for the detection of small lung nodules, particularly since the introduction of helical multislice technology [3] . More recently, one of the hopes to change the scenario of late diagnosis has been conducted by monitoring programs with low-dose CT, particularly applied to risk groups such as smokers [4] .
After identifying a pulmonary nodule through CT, the physician is asked about its malignancy. During the investigation, the radiologist must list the diagnostic possibilities and offer a result based on the analysis of the nodule morphology and clinical context. This diagnosis may have no treatment, no follow up, or may recommend surgical resection. However, it should always seek a cost benefit trade-off analysis of treatment strategies by not allowing a potentially malignant nodule to continue evolving, by limiting unnecessary invasive investigations and radiation from repeated CT scans as well as containing patient anxiety. The chosen strategy should follow traditional recommendations and incorporate the recent extensive and fast changing research found in the literature. The nodule imaging features and the role of in the identification of the disease, its type, severity, stage, progression or regression. This latter system can either use only image information or can combine other data relevant to the diagnosis. Some CAD systems can act as CADe and CADx systems by first identifying any potentially abnormal regions and then providing a quantitative or qualitative evaluation of the identified abnormalities [15] . However, this work only takes into account the CADe systems.
Reviews of techniques to detect pulmonary nodules from CT images are not something new; several critical reviews have already been written on the subject, especially to identify the best techniques already developed at the time, and to compare the data; for example, Lee et al. [19] , Sukuzi [20] , Eadie, Taylor and Gibson [21] , El-Baz et al. [22] and Firmino et al [23] . Lee et al. [19] , Eadie, Taylor and Gibson [21] analyzed techniques until 2010 and Sukuzi [20] and El-Baz et al. [22] till June 2012. More recently, Firmino et al. [23] reviewed through tol August 2013.
However, due to developments of new computational techniques and new medical devices, an up-to-date review is necessary; and this is the main contribution of this work. Besides the chronological update, this work has considered aspects related to the scientific fields of biomedical engineering and medicine as well as taking into account the real needs in the daily life of a hospital or imaging clinic, and has incorporated suggestions for integration with relevant systems, such as Electronic Medical Record Systems (EMR) and Picture Archiving and Communication Systems (PACS). These factors are extremely relevant to contribute to the effective implementation of a CAD tool in daily medical practice, which is the ultimate goal of these analytical techniques. From analysis to evaluation, this work details the tasks for detecting nodules from lung CT images, discusses the tools, the most common tips and techniques step by step. This analysis demonstrates the most commonly used techniques in accordance with the desired database, in order to obtain the results more quickly. For each technique identified the methodology, the database used, the algorithms developed and results are discussed in order to compare against the other techniques similarly identified. Also, the future prospects of the works identified are described, considering the biomedical engineering and medical fields. Thus, due to the structure of this work, it can be used by both a beginner researcher or a health professional who wishes to gain a better understanding in this field, as well as for the experienced researcher who wants to know in detail the best and latest techniques developed in this area.
Finally it should be pointed out that we did not find any work devoted exclusively to research into 3D techniques for the automatic detection of pulmonary nodules in lung CT images. In order to fill this gap, this work proposes to examine the main techniques for automatic 3D detection of pulmonary nodules published until December, 2014, to identify and classify the most commonly used keywords, and to analyze the progress that has already been achieved in the area and the challenges that have not yet been overcome, and finally to assess the future prospects in this research area.
The remainder of this work is organized as follows: Section 2 details the databases and research methods used in the survey, as well as the set of steps developed during the systematic review proposed. Section 3 is devoted to the assessment of the CADe systems, and describes the objectives and the structures of these systems as well as the main theoretical concepts necessary for the correct interpretation of this study. Section 4 analyzes the results of the selected works, and the keywords more commonly used. Also this section presents an analysis of the more relevant works found in the survey, as well as information concerning computational algorithm training and statistical validation of the results and algorithm limitations. Section 5 is the Discussion section, in which we analyze the progress made, identify the challenges still to be overcome and future prospects in this field. Finally, in Section 6, the Conclusion summaries the findings obtained in this study.
Work selection criteria
The methodology adopted to carry out this systematic review is based on six steps: (1) develop relevant search terms for Web of Science, PubMed, Science Direct and IEEE Xplore databases; (2) execution of the database search; (3) removal of repeated works found; (4) apply the inclusion criteria: only 3D automated lung nodule segmentation techniques from CT images; (5) synthesis of the keywords obtained from the selected works and review the terms of highest incidence, in order to optimize search terms in future works; and, finally, (6) evaluation of each identified segmentation technique according to a defined set of metrics, such as: sensitivity, false positives per examination (FP), number of nodules used in the validation, size of the nodules, response time and types of nodules.
To perform the search in the databases the following logical expressions were used: ("3D" OR "3-dimensional" OR "three-dimensional") AND ("detection" OR "segmentation" OR "cad" OR "cade") AND ("lung" OR "lungs" OR "pulmonary" OR "chest") AND ("nodule" OR "nodules" OR "cancer" OR "tumor" OR "tumors"). These logical expressions were adapted to the syntax of the search engines of the Web of Science, PubMed, Science Direct and IEEE Xplore, according to the rules described by each database. In the proposed survey only works containing the logical expressions listed in their respective titles were included. In the initial survey, we obtained a total of 73 works, 44 in Web of Science, 5 in PubMed, 15 in IEEE Xplore and 9 in Science Direct. From these works, 22 were identified as repeated in the databases. After identification and removal of repeat works, a total of 51 works were assigned to the next step.
In the analysis and classification stage, each item was individually checked in order to classify it according to its main purpose: automated algorithms to segment lung nodules in 3D, 3D automatic classification of lung nodules, systematic literature review of segmentation and/or classification of lung nodules, correlated work (which describes a nodule segmentation or classification technique, but not applied to the lung, as well as techniques for measuring nodule volumes that are not fully automatic) or others (any other works that cannot be classified in the previous categories). After this analysis, only 38 articles [24, 4, 18, 22, 25, 26, 27, 28, 29, 30, 31, 32, 33, 34, 35, 36, 37, 38, 39, 40, 41, 42, 43, 44, 45, 46, 47, 48, 49, 50, 51, 52, 53, 54, 55, 56, 57, 58] were identified as 3D automated algorithms to segment lung nodules in CT images, the target of this work.
CADe systems

Brief definition of a CADe system
In general, CADe systems have the following goals: highlight areas of the CT images that may have pulmonary nodules, contribute to the detection of small nodules (which can not be visually identified by the physicians) and reduce the evaluation time required.
CADe systems are an important tool in medical radiology. However, many systems do not have all the necessary requirements to be considered useful by most radiologists. Among the requirements necessary [59] :
• Improve the efficiency of the evaluation and maintain high sensitivity. The sensitivity (aka true positive rate) of these systems can be calculated as:
where TP (true positive) this is when the system expresses a positive output for a sample that has the disease, and FN (false negative) is when the results from the system are given as negative for a sample that actually has the disease;
• A low number of false positives (FP ). A false positive occurs when the system determines the existence of a disease when the sample does not have the disease. False positives can result in an increase of exam analysis time by radiologists, and may result in detection errors;
• Have high-speed processing. This refers to the time required for the system to respond to nodule detection requests;
• Present high level of automation, avoiding the need for manual operations. The system should automatically receive Digital Imaging and Communications in Medicine (DICOM) files [60] of the exams, and process and store the results in standard files;
• Present low implementation costs, training, support and maintenance;
• Detect different types, sizes and shapes of nodules, such as isolated nodules, micronodules (< 3 mm), partially solid, nodules attached to lung edges or lung cavities, and;
• Software safety assurance to prevent potential attacks that may result in data loss, lack of accuracy in the results, change, unavailability or misuse of data.
Structure of CADe systems
In general, CADe systems are composed of five main stages: acquisition of data, preprocessing, lung segmentation, nodule detection and the reduction of false positives. The stages considered by each of the selected works for the automated detection of pulmonary nodules in lung CT images are indicated in Table 1 . 
Acquisition of data
This step is responsible for obtaining the set of images used by the CADe system. In an ideal context, the acquisition will be accomplished through the integration between a PACS, a EMR and a CADe system. In this scenario, the lung CT images can be processed by the CADe system before being analyzed by the radiologist, thus the interpretation of the examination starts with the suspicious regions indicated by the CADe system. Additionally, through the EMR, the radiologist may have access to other clinical information that can aid in the diagnosis.
From the standpoint of development and design of CADe systems, there are some public databases which can be used for development, maintenance and training. Generally, these databases are used to train students, to serve as a repository for rare cases, and to allow comparisons between the performance of different CADe systems [61] . Among the more important public databases available are: Lung Image Database Consortium (LIDC) [62, 63] , Lung Image Database Consortium and Image Database Resource Initiative (LIDC-IDRI) [64, 65] , Early Lung Cancer Action Program (ELCAP) [7] , Nederlands Leuvens Longkanker Screeningsonderzoek (NELSON) [66] and Automatic Nodule Detection 2009 (ANODE09) [67, 68] .
The LIDC database is a publicly available database of 399 thoracic CT scans with nodule size reports and diagnosis reports, that serves as a medical imaging research resource. Four radiologists reviewed each scan using the following process. In the first or "blinded" phase, each radiologist reviewed the CT scan independently. In the second or "unblinded" review phase, results from all four blinded reviews were compiled and presented to each radiologist for a second review, allowing the radiologists to review their own annotations together with the annotations of the other radiologists. The results of each radiologist's unblinded review were compiled to form the final unblinded review. The LIDC radiologists annotations include freehand outlines of nodules ≥ 3 mm in diameter on each CT slice in which the nodules are visible, along with the subjective ratings on a five-or six-point scale of the following pathologic features: calcification, internal structure, subtlety, lobulation, margins, sphericity, malignancy, texture, and spiculation. The annotations also include a single mark (an approximate centroid) of nodules ≤ 3 mm in diameter as well as non-nodules ≥ 3 mm [63, 62, 69] .
Guided by the premise that "public-private partnerships are essential to accelerate scientific discovery for human health" and their successes in this realm, the Foundation for the National Institutes of Health (FNIH) created the Image Database Resource Initiative (IDRI) in 2004 to further advance the efforts of the LIDC. The IDRI joined the five LIDC institutions with two additional academic centers and eight medical imaging companies. Through the IDRI, these companies provided additional resources to expand substantially the LIDC database to a targeted 1000 CT scans and to create a complementary database of almost 300 digital chest radiographic images associated with a subset of these CT scans. As a result, the LIDC-IDRI database was ended up with 1018 scans (including the 399 scans from LIDC database), each of which includes images from a clinical thoracic CT scan and an associated XML file that records the results of a two-phase image annotation process evaluated by four experienced thoracic radiologists. The database contains 7,371 lesions marked "nodule" by at least one radiologist, and 2,669 of these lesions were marked "nodule ≥ 3 mm" by at least one radiologist, of which 928 (34.7%) received the same ratings from all four radiologists. These 2,669 lesions include nodule outlines and subjective nodule characteristic ratings [64, 65] .
The ELCAP database, that became available in 2003, consists of 50 documented low-dose CT scans for the performance evaluation of computer-aided detection systems. The NELSON trial has accrued 15,523 participants across four institutions since 2003. Annual CT screening studies were interpreted first at the local institution and then again at a central site. CT scans from the NELSON study have been used by researchers associated with the project to investigate, for example, interobserver variability of semi-automated lung nodule volume measurements, the discrimination between benign and malignant nodules, automated lung nodule detection, and automated lung segmentation. The research value of image databases acquired during clinical studies has been realized in other anatomic sites as well, such as CT colonography. The ANODE09 is a database of 55 scans from a lung cancer screening program and a web-based framework for objective evaluation of nodule detection algorithms. Any team can upload results to facilitate benchmarking [66, 64, 68] .
Preprocessing
Preprocessing treatments are performed on the lung CT slices (images) in order to improve their quality, thus giving better results in nodule detection. This stage is important since the lungs also contain several structures that can be confused with nodules. Just eight of the selected works for this review indicate the preprocessing techniques used: linear interpolation [26, 29, 46] , median filter [27, 28] , morphological Hat operation [28] , Gaussian filter [32, 52] and weighted-sum filter [51] .
Other techniques that can be considered for the preprocessing stage are: enhancement filter [70, 71] , contrast limited adaptive histogram equalization [72] ,auto-enhancement [73] , wiener filter [73] , fast Fourier transform [74] , wavelet transform [74] , anti-geometric diffusion [74] , erosion filter [75] , smoothing filters [76] and noise correction [76] . Figure 1 gives an illustration of preprocessing applied to a lung CT image, in which an improved distribution of level colors and, consequently, a better visualization of the lung and its structures, is accomplished.
Lung Segmentation
Lung segmentation is a crucial step for any CADe system that aims to contribute to the early diagnosis of cancer and other lung diseases. This task is challenging because of non-existing heterogeneity in the region of the lung, as well as the existence of similar density structures, such as arteries, veins, bronchi and bronchioles, and the use of different imaging devices with different protocols. The performance of a particular technique can be evaluated thought statistical metrics, such as accuracy, processing time (computational cost), as well as its level of automation. In general, the existing techniques can be classified into four categories: methods based on thresholding, deformable models and shape or edge based models [22] . Figure 2 gives an example of lung segmentation using the thresholding and region growing methods and a selection of the two largest regions (eliminating the trachea). 
Nodule detection
After the definition of the search region of interest for the nodules (e.g., the segmented lung fields), the next step in a CADe system is nodule detection. The purpose of this step is to identify the presence of pulmonary nodules in the analyzed images. Early detection of lung nodules may increase the chance of patient survival [2] , but this task is complex, as discussed by Quekel et al. [77] and Li et al. [78] . The nodules appear as circular objects of low contrast within the lungs. The difficulty of CADe systems is to distinguish true nodules from shades, vessels and ribs. Additionally, the nodule features may vary depending on the type of nodule. As an example Figure 3 illustrates three 3D lung CT images adapted from Suzuki et al. [79] , in which it is possible to identify three pulmonary nodules, one in each image. Their shapes, densities and locations are completely different. These difficulties contribute to making the detection of pulmonary nodules challenging. The computational techniques that have been used to carry out the automatic detection of pulmonary nodules in lung CT scan images are indicated in Table 2 .
False positive reduction
One of the greatest difficulties encountered in current CADe systems is the relatively high number of false positives, which can hinder the correct interpretation of medical examinations. A high number of false positives usually confuses the radiologist in the interpretation task, thus reducing the efficiency of the CADe system. Additionally, radiologists may lose confidence in the CADe system as a useful tool. Consequently reducing the number of false positives is of great importance, while maintaining high sensitivity [93] .
Reducing the false positive results is a challenge not only for the CADe systems but also for the radiologist during his/her interpretation of the image. The radiologist may also suffer interference factors such as fatigue, Authors Computational technique(s) Choi and Choi [24] , Santos et al. [4] , Chen et al. [27] and Li and Doi [80] Hessian matrix based method El-Baz et al. [22] and Le et al. [81] Genetic algorithm template matching Cascio et al. [26] Stable 3D mass-spring models Soltaninejad, Keshani and Tajeripour [28] k-Nearest Neighbors (k-NN) classifier and active contour Suiyuan and Junfeng [29] Thresholding Awai et al. [82] Sieve filter Tanino et al. [83] Variable n-quoit filter Riccardi et al. [30] 3D fast radial transform Namin et al. [32] and Murphy et al. [84] Shape index Ozekes, Osman and Ucan [38] 3D template matching Ge et al. [45] Adaptive weighted k-means clustering Yamada et al. [85] and Kanazawa et al. [86] Fuzzy clustering Mekada et al. [51] Maximum distance inside a connected component Mao et al. [87] Fragmentary window filtering Mendonça et al. [88] Curvature tensor Paik et al. [89] Statistical shape model Agam and Armato [90] Correlation-based enhancement filters Wang et al. [25] and Armato III et al. [91] Multiple gray-level thresholding Saita et al. [92] 3D labeling method subjectivity of the analysis, images acquired with improper configuration of the equipment and noise. A detailed analysis of the LIDC-IDRI database can help us understand the difficulties encountered during this task. In this database, each scan was analyzed by four experienced radiologists in two phases. In the first phase or "blinded" phase, each radiologist examined the scan without knowing the result of the analysis of the other three radiologists. In the second phase or "unblinded" phase, each radiologist had the opportunity to inspect the result of the other radiologists and review, or not, his/her analysis. Even with the two phases, there was not a consensus in all cases. From the 2,669 lesions marked "nodule ≥ 3 mm" by at least one radiologist, only 928 (34.7%) received similar results from all four radiologists. This shows that the image analysis task is susceptible to many subjective factors, and therefore the false positive reduction step needs to be improved [62] . The elimination of false positives can be performed by analyzing the extracted features of the potential nodule found. Initially, potential nodules are segmented and their features are extracted; the main features being: intensity pixel values, morphology and texture. Using these features, machine learning techniques are applied in order to detect the true nodules and false nodules. A major difficulty of this step is to balance the number of samples used and their types properly, since different types, shapes and locations of nodules can confuse the classifier. However, using public databases may allow replication of results and the improvement of developed techniques, which initially was not possible due to the use of private datasets.
The computational classifiers that have been used in the false positive reduction step are indicated in Table 3 .
Authors
Computational classifier Santos et al. [4] , Wang et al. [25] , Choi and Choi [24] , Riccardi et al. [30] , Liu et al. [31] , Ozekes and Osman [37] , Yang, Periaswamy and Wu [39] and Orozco et al. [94] Support vector machines (SVM) El-Baz et al. [22] Bayesian supervised Cascio et al. [26] , Ashwin et al. [72] , Lin et al. [95] and Bellotti et al. [96] Artificial neural networks (ANN)
Soltaninejad, Keshani and Tajeripour [28] K-Nearest Neighbors (k-NN) Suiyuan and Junfeng [29] Invariant moments Namin et al. [32] Fuzzy k-NN classifier Matsumoto et al. [35] and Gurcan et al. [97] Rule based Ozekes and Osman [37] and Camarlinghi et al. [98] Feed forward neural networks (FFNN) Ozekes and Osman [37] Naive Bayesian (NB) and Logistic regression (LR) Ge et al. [45] , Armato III et al. [91] and Gurcan et al. [97] Linear discriminant analysis (LDA)
Suzuki [99] Massive-training neural network (MTANN) Iwashita et al. [100] , Luz et al. [101] , Nunes et al. [102] and Papa et al. [103] Optimum path forest (OPF) 
Selected works
During the analysis of the works identified as being related to lung 3D segmentation techniques from lung CT images, a great variation of keywords were used. In order to identify the most effective keywords to search for works related to 3D segmentation of pulmonary nodules, a statistical analysis was applied to the keywords (Figure 4) . Thus the latest works with best results, using the chosen keywords, are analyzed in this section.
Choi and Choi [24] developed an automatic technique for the detection of lung nodules based on a feature descriptor guided by the 3D shape of the object. In this technique, after the lung nodule segmentation, potential nodules are detected using multi-scale dot enhancement filtering, followed by extracting features of each nodule and their refinement using the eliminating edges technique. The proposed method was validated using the LIDC database (acquired up to 2009). In total 84 exams with 148 isolated, juxtavascular and juxtapleural nodules with diameters between 3 and 30 mm were used. The algorithm had a sensitivity of 97.5%, accuracy of 99.0%, specificity of 97.5%, 0.998 area under the receiver operating characteristic (ROC) curve and 6.76 false positives per examination.
Santos et al. [4] created a methodology for automatic detection of small lung nodules (with diameters between 2 and 10 mm) using Gaussian mixture Badura and Pietka [18] developed a new approach to the segmentation of different types of lung nodules on lung CT images. The technique is based on two fields of computational intelligence: fuzzy connectivity (FC) and evolutionary computation. The method was validated in LIDC and LIDC-IDRI databases, including isolated, juxtavascular, juxtapleural and low density nodules, with diameters between 3 and 30 mm. A total of 23 nodules from LIDC and 551 nodules from LIDC-IDRI were used. The best results were obtained using the MRFC-OB variant of the proposed algorithm, which correctly identified the voxels of nodules in 83.03 ± 13.84% (LIDC-IDRI) and 91.12 ± 15.79% (LIDC) of the cases. The true positive rate was equal to 50% (TPR 50 ) of the exams where the voxels were identified by 50% of radiologists as belonging to a nodule. In the exams where the voxels were identified by 100% of the radiologists as belonging to a nodule (TPR 100 ), the algorithm correctly identified the voxels of nodules in 95.50 ± 7.86% (LIDC-IDRI) and 99.94 ± 0.22% (LIDC) of the cases.
El-Baz et al. [22] proposed a new algorithm for lung nodule detection using Genetic Algorithm Template Matching. The algorithm is based on three steps: (i) isolate nodules, arteries, veins, bronchi and bronchioles from other anatomical structures; (ii) isolate the nodules using deformable 3D and 2D templates, describing the geometry and the distribution of gray levels typical of a nodule of the same type, and, finally, (iii) eliminate the false positives using three characteristics that define the true nodules robustly. The algorithm was validated in a private database, presenting 82.3% of sensitivity and 9.2% of false positives, i.e, only 12 sample of the whole set. A total of 200 exams and 130 calcified, not calcified and cavity nodules, with diameters greater than 10 mm were used. The algorithm spent 5 minutes per exam.
Wang et al. [25] created a new SVM based on the 3D matrix pattern technique in order to prevent the loss of structural and local information that usually occurs in one-dimensional and two-dimensional approaches of pulmonary nodule detection. Thus, the 3D volumes of the nodules considering the quantitative region of interest (ROI)-based analysis can be used directly as an input for the training and test phases. According to the authors, the use of three-dimensional patterns can effectively reduce the high number of false positives compared to 1D and 2D analysis. The algorithm was validated in a private database of 196 exams and 108 nodules, with a sensitivity of 98.2%, 0.995 area under the ROC curve and 9.1 false positives per image. The nodules used had diameters of between 5 and 30 mm and the types isolated, juxtavascular and juxtapleural. A total of 13 exams and 32 nodules and non-nodules were used for the algorithm training.
Cascio et al. [26] proposed an aid diagnosis system able to detect small lung nodules (3 mm diameter) on CT scans based on stable 3D mass-spring models. This method consists of an automated initial selection from the list of potential nodules (isolated and juxtapleural), and their respective segmentation and classification. Techniques such as region growing and mathematical morphology were applied in order to include juxtapleural nodules. The Stable 3D Mass-Spring Model (MSM) combined with spline curves was used to perform the segmentation and feature extraction. The system was evaluated in a set of 84 exams and 148 nodules from the LIDC database, obtaining a sensitivity of 97% with 6.1 false positives per exam. A reduction to 2.5 false positives per exam was obtained with a sensitivity of 88%. The nodules used had diameters from 3 to 30 mm and the algorithm presented a performance of 1.5 minutes per exam.
Chen et al. [27] proposed a new algorithm based on local intensity structure analysis and surface propagation in 3D chest CT images to segment and separate pulmonary nodules and vessels. These authors used the line structure enhancement (LSE) and blob-like structure enhancement (BSE) filters. A procedure known as front surface propagation (FSP) was used to perform accurate segmentation of vessels and nodules. The evaluation used a private database and the LIDC database. The private database had 20 exams and 416 nodules. The LIDC database used had 20 exams and 55 nodules, all isolated with diameters from 3 to 27 mm. In the private database, the algorithm had a sensitivity of 95% with 9.8 false positives per exam. In the LIDC database, the algorithm had a sensitivity of 91.5% with 10.5 false positives per exam.
Soltaninejad, Keshani and Tajeripour [28] created a methodology for segmentation and visualization of nodules based on four steps: (i) a median filter is used for noise removal and a morphological Hat operation is performed for image enhancement, then the lungs are segmented using an adaptive thresholding algorithm; (ii) the nodule detection was two parts: feature extraction and classification, using 2D stochastic characteristics for feature extraction and 3D anatomical features for removal of false positives, by applying a k-NN classifier; (iii) the nodule contours are extracted using active contours and, finally, (iv) a 3D visualization technique is applied to the segmented nodules to evaluate the result. To evaluate this solution 58 nodules (solid, non-solid, bronchioles attached, lung wall attached and cavity) from three databases were used: private 1, private 2 and ANODE09. The algorithm had a sensitivity of 90% with 5.63 false positives per exam.
Suiyuan and Junfeng [29] developed a technique based on shape features capable of detecting lung nodules through interpolation, segmentation, and recognition as well as a search for suspicious regions. Initially, the test images are interpolated to the same scales in the X, Y and Z axes, in order to recover the original 3D shape of the nodules. Then, the region of the pulmonary parenchyma is segmented and nodule candidates are obtained by thresholding and region growing. Finally, false positives are eliminated by the use of invariant moments. According to the authors, the algorithm recognized 100% of nodules with 1.0 false positive per exam.
Riccardi et al. [30] presented a new system for pulmonary nodule detection on CT scans. Initially, the lung tissue is sectioned using histogram thresholding, region growing and mathematical morphology. Then, the 3D fast radial filter is applied in order to select potential nodules, whose geometric characteristics are obtained through the scale space analysis technique. Finally, a false positive reduction step is applied using a SVM-based feature extraction algorithm that uses the techniques of maximum intensity projection processing and Zernike moments. The system was evaluated in a series of 154 CT exams and 117 nodules (isolated, juxtapleural and juxtavascular) from the LIDC database, with diameters equal to or greater than 3 mm. The system had a sensitivity of 71% with 6.5 false positives per exam. The number of false positives was reduced to 2.5 with a sensitivity of 60%. An independent test using the ANODE09 database obtained an overall score of 0.310.
Liu et al. [31] proposed a new algorithm based on support vector machines. For training and testing the SVM-based classifier, a simulation method of lung nodules based on three-dimensional space was created. The detection method is based on several steps, including simulation and 3D insertion nodule, lung segmentation, extraction of the potential nodules, calculation of the geometry and intensity characteristics as well as the reduction of false positives. The algorithm was validated in three databases: a private database, LIDC, and a database with simulated data, with respectively 10, 21 and 144 isolated nodules with diameters between 3 and 27 mm. Nine exams of a private database, 23 exams of LIDC and 129 exams of the simulated database were used. The algorithm had a sensitivity of 86.0%, accuracy of 90%, specificity of 92% and 4.9 false positives per exam.
Namin et al. [32] created a methodology for pulmonary nodule detection and classification on CT scans using volumetric shape index (SI) and fuzzy k-NN. First, the pulmonary parenchyma is segmented by thresholding. Then, Gaussian filters are applied for noise reduction and nodule optimization. The next step is to use the SI technique to detect suspicious nodules, also including the vessels. With this technique, it is possible to recognize the nodules that are attached to vessels, lung wall or mediastinal surface. Then, characteristics such as roundness, mean intensity and variance, stretching and variations in potential nodule edges are extracted to classify the nodules in malignant or benign. The method was evaluated in the database LIDC using 63 exams and 134 nodules with diameters between 2 and 20 mm. The algorithm had a sensitivity of 88.0% and 10.3 false positives per exam.
Matsumoto et al. [35] developed a technique for pulmonary nodules detection based on the analysis of the three-dimensional characteristics of nodules and their surroundings, in order to separate nodules from pulmonary ves-sels. Additionally, the performance of a radiologist with and without the support of the proposed technique was evaluated. To evaluate the technique, 30 exams from a private database with 66 solid and subsolid nodules with diameters equal to or greater than 4 mm were used. The algorithm had a sensitivity of 79.0% and 4.5 false positives per exam.
Ozekes and Osman [37] proposed an diagnosis aid system based on 3D feature extraction and learning based algorithms for detecting pulmonary nodules on CT scans. Initially, the eight directional search technique is applied to extract the regions of interest. Then, several 3D features are extracted, such as: connected component labeling, straightness, thickness, vertical and horizontal widths, regularity and vertical/horizontal relationship between dark pixels. To classify each region of interest the following techniques were used: FFNN, SVM, NB and LR. To evaluate the algorithm 11 exams with 11 nodules from LIDC, with diameters from 3 to 16 mm were used. The technique had a sensitivity of 100%, specificity of 81.5%, 0.850 area under the ROC curve and 44 false positives per exam.
Ozekes, Osman and Ucan [38] developed a new approach for detecting pulmonary nodules based on four steps. First, in order to reduce the number of regions of interest and the processing time, the lung is segmented using the Genetic Cellular Neural Networks technique. Then, for each lung region, regions of interest are obtained by the eight directional search technique. The 3D volume is obtained by combining all the 2D regions of interest. A 3D template is created to find similar nodule structures. Finally, thresholding based on fuzzy logic rules is applied to the regions of interest. To evaluate the algorithm 16 exams with 16 nodules from LIDC, with diameters between 3.5 and 7.3 mm were used. The technique had a sensitivity of 100% with 13.375 false positives for exam.
Yang, Periaswamy and Yu [39] created a methodology based on a new 3D volume shape descriptor to reduce the number of false positives for groundglass opacity nodules (GGO). The volume and 3D format of the nodules are created by the concatenation of histograms and spatial gradient directions. The algorithm was evaluated on 216 scans with 324 nodules (81 GGOs) of a private database, with diameters between 2 and 18 mm. The technique had a sensitivity of 81.0% with 4.3 false positives per exam.
Ge et al. [45] proposed a new algorithm using a 3D gradient field method and 3D ellipsoid fitting to optimize the false positive reduction step for the detection of pulmonary nodules. The technique proposes the development of new features based on the 3D layout of the volumes of interest. 3D gradient descriptors were formulated and 19 new gradients features were derived from the statistics. Six ellipsoidal characteristics were obtained by calculating the lengths and the length ratios of the main axes of an ellipsoid defined on the segmented object. Both field gradient ellipsoidal features and characteristics were designed to distinguish spherical objects, such as pulmonary nodules, from elongated objects, such as vessels. The performance of the reduction of false positives in the 25-new dimensional space was compared to the performance of a 19-dimensional space using features extracted with previously developed methods. The performance characteristics combined in space using 44 dimensions, was also evaluated. To evaluate the classification linear discriminant analysis was used. The parameters used for feature selection algorithm were also used to optimize the simplex. The algorithm performance was evaluated in a private database with 82 exams and 116 isolated, juxtapleural and juxtavascular nodules with diameters between 3 and 30.6 mm. The algorithm presented 96% of sensitivity with 6.92 false positives per image and 80% of sensitivity with 0.34 false positives per image.
Matsumoto et al. [46] defined a new 3D feature called diminution index that is able to differentiate vessels and pulmonary nodules attached to vessels. The algorithm was trained with 4 exams and 30 nodules. The evaluation was conducted in a private database with 12 exams and 100 nodules with diameters between 3 and 5 mm. The algorithm had a sensitivity of 78% and 5.3 false positives per exam.
Hara et al. [47] developed a new recognition approach using second order autocorrelation and multi-regression analysis to detect small nodules (diameter ≤ 7 mm) on CT scans. By combining with a previously developed technique, the algorithm had a sensitivity of 94% with 2.05 false positives per exam. The validation was performed on a private database containing 139 nodules.
Mekada et al. [51] proposed a new method using shape features and a minimum directional difference filter (Min-DD) for detection of small pulmonary nodules on CT scans. Initially, potential nodules are detected using the maximum distance inside a connected component (MDCC). Then, the reduction of false positives is performed using the technique Min-DD. The method performance was evaluated in a private database of 7 tests and 361 nodules with a diameter greater than 2 mm. The algorithm had a sensitivity of 71.0% and 7.4 false positives per exam.
Dehmeshki et al. [52] presented a technique using shape based region growing for segmentation of pulmonary nodules. Initially, 3D features are calculated for each voxel. Then, shape features are extracted. Finally, a hybrid extraction method incorporating the shape features and region growing based on 3D intensity is applied, realizing highly accurate separation between objects that have different shapes but similar intensity values. The algorithm was evaluated in a private database containing 6 exams and 33 nodules, with sensitivity of 91.0% and 1.29 false positives per image.
Armato III et al. [57] developed a new technique that incorporates twoand three-dimensional analysis to explore the data obtained from a CT scan. Initially the lungs are segmented by thresholding. The rolling ball technique is applied to optimize the segmentation of the lungs. The set of segmented images are iteratively thresholded and a 10 points scheme is used to identify continuous three-dimensional structures. Structures with volumes below the threshold level are considered as a potential nodules, which are subjected to two and three-dimensional analyses. To distinguish between the potential nodules and non nodules, a linear discriminant analysis technique is used. The technique was applied in a private database with 17 exams and 187 nodules, with diameters between 3.1 and 27.8 mm, with sensitivity of 72% and 4.6 false positives per exam.
Some of the selected works are not fully automatic, as require user intervention, or nor indicate the values of sensitivity and/or about false positives: [33] , [34] , [36] , [40] , [41] , [42] , [43] , [44] , [48] , [49] , [50] , [53] , [54] , [55] , [56] and [58] . Although these works are not the focus of this review, they are briefly introduced here.
Wang et al. [33] proposed the detection of pulmonary nodules by combining the extraction of the nodules by multi-directions PCA with their identification based on a 3D backpropagation neural network.
Yang et al. [34] used a three-dimensional pulmonary nodule detection method for thoracic CT scans based on a bounding box technique and a three-dimensional sphere-enhancement filter for nodule candidate selection in order to enhance the volume of interest (VOI). Then, 3D features are extracted from the VOI to train a neural network classifier.
Wang, Engelmann and Li [36] and Wang, Engelmann and Li [41] suggested an algorithm based on a VOI built at the position of the nodule under study. This VOI is transformed into a 2D image by use of a "spiral-scanning" technique in order to simplify the segmentation task. It is used a dynamic programming technique to delineate the "optimal" outline of the nodule in the 2D image, which is transformed back into the 3D image space in order to provide the interior of the nodule.
Zeng et. al [40] proposed a method that assumes nonrigid lung deformation and rigid tumor. They use the B-Spline-based nonrigid transformation to model the lung deformation while imposing rigid transformation on the tumor to preserve its volume and shape [104, 105, 106] . A 2D graph-cut algorithm is used to segment a 3D dataset.
Farag et al. [42] suggested two new adaptive probability models of visual appearance of small 2D and large 3D pulmonary nodules to control the evolution of deformable boundaries. The appearance prior is modeled based on a translation and rotation invariant Markov-Gibbs random field of voxel intensities with pairwise interaction analytically identified from a set of training nodules. The nodule appearance model is detached from the mixed distribution using its close approximation with a linear combination of discrete Gaussians.
Way et al. [43] proposed a 3D active contours model based on twodimensional active contours (AC) with the addition of three new energy components to take advantage of the 3D information: gradient, curvature and energy mask. The search for the best energy weights in the 3D AC model is guided by the simplex optimization method. Morphological and gray-level features were extracted from the segmented nodule. The rubber band straightening transform (RBST) is applied to the shell of voxels surrounding the nodule. Additionally, texture features based on run-length statistics are extracted from the RBST image. Finally, a linear discriminant analysis classifier with stepwise feature selection based on a second simplex optimization is used to select the most effective features.
Zhang et al. [44] used a new automated method to segment juxtapleural nodules in which a quadric surface fitting procedure is used to build a boundary between the juxtapleural nodule under study and its neighboring pleural surface. Additionally, a scheme based on a parametrically deformable geometric model was developed to cope the problem of segmenting nodules attached to vessels.
Ge et al. [48] suggested 3D gradient field descriptors and derived 19 gradient field features from their statistics. The gradient field features and ellipsoid features were used to distinguish spherical objects such as lung nodules from elongated objects such as vessels.
Okada, Comaniciu and Krishnan [49] proposed a robust algorithm for segmenting 3D pulmonary nodules in CT scans. The method is based on parametric Gaussian model to adjust the volumetric data evaluated in the Gaussian scale-space and a non-parametric 3D segmentation scheme based on the normalized gradient ascent method to define the attraction to the target tumor in the 4D spatial intensity joint space.
Fetita et al. [50] proposed a method based on a specific gray-level mathematical morphology operator, the SMDC-connection cost, to be used in the 3D space of the thorax volume in order to discriminate lung nodules from other dense (vascular) structures.
Dehmeshki, Ye and Costello [53] presented a new method for shape based segmentation of 3D medical images. The 3D geometric information is calculated for each voxel by computing the partial derivatives of the 3D input image. The shape features of the iso-intensity surfaces are then extracted and combined with a 3D intensity-based region growing algorithm to accurately identify connected objects with different shapes but of similar intensity.
Fan et al. [54] suggested an approach for the automatic segmentation of lung nodules in a given VOI from high resolution multi-slice CT images by dynamically initializing and adjusting a 3D template and analyzing its cross correlation with the structure of interest.
Armato et al. [55] developed an automated method to analyze the threedimensional nature of structures in CT scans and identify those structures that represent lung nodules. Contiguous three-dimensional structures are identified in each thresholded lung volume and the structures that satisfy a volume criterion define an initial set of nodule candidates. A feature vector is then computed for each nodule candidate. A rule-based scheme is applied to the initial candidate set to reduce the number of nodule candidates that correspond to normal anatomy.
Delegacz et al. [56] designed a 3D visualization system to aid physicians in observing abnormalities of the human lung. An segmentation filter was developed to enhance the lung boundaries and filter out small and medium bronchi from the original images. The pairs of original and filtered images are processed with the contour extraction method to only identify the lung field for further study. In the next step, the segmented lung images containing the small bronchi and lung textures are used to generate the volumetric dataset to be inputed into the 3D visualization system. Additional processing is performed to smooth the 3D lung boundaries.
Zhao et al. [58] developed a 3D multicriterion automatic segmentation algorithm to improve the accuracy of delineation of pulmonary nodules on helical computed tomography (CT) images by removing their adjacent structures. The algorithm applies multiple gray-value thresholds to nodule ROIs. At each threshold level, the nodule candidate in the ROI is automatically detected by labeling 3D connected components, followed by a 3D morphologic opening operation. Once a nodule candidate is found, its two specific parameters, gradient strength of the nodule surface and a 3D shape compactness factor, are computed. The optimal threshold is then determined by analyzing these parameters.
To compare the articles identified in this review, the following attributes were used: sensitivity, false positives per examination (FP), number of nodules used in the validation, size of the nodules, response time and types of nodules. These attributes are present in most of the selected articles. 16 articles were excluded for not presenting sensitivity and or false positives. The comparison is summarized in Table 4 .
Discussion
During the analysis of the works selected for this review, it was noted that several of the proposed techniques presented potential for building medical diagnosis aid tools. Some techniques have achieved sensitivity greater than 95%, such as the ones proposed by Choi and Choi [24] , Badura and Pietka [18] , Wang et al. [25] , Cascio et al. [26] , Chen et al. [27] , Suiyuan and Junfeng [29] , Ozekes and Osman [37] , Ozekes, Osman and Ucan [38] . However, most of the techniques that had a sensitivity greater than 95% had a high rate of false positives, and other issues that need a detailed analysis.
Choi and Choi [24] had a false positive rate of 6.76 per exam but only 148 nodules were used in the analysis. Badura and Pietka [18] obtained sensitivity values of 95.5% and 99.94% in LIDC and LIDC-IDRI databases, with a low false positive rate. However, this sensitivity was obtained in cases that all four radiologists positively confirmed that the structures were considered as nodules. In cases where only two of the four radiologists confirmed the nodules, the sensitivity dropped significantly, reaching values of 91.12% and 83.03%. Wang et al. [25] obtained excellent results in sensitivity, but with a false positive rate of 9.1 per image. Additionally, the database used is not public, which prevents the replication of results.
Cascio et al. [26] showed sensitivity of 97%, but with 6.1 false positives per exam. When the sensitivity was reduced to 88%, the technique achieved a better rate of false positives, standing in this case at 2.5 per exam. Chen et al. [27] showed 9.8 false positives per exam when using a particular database. In LIDC database, the algorithm showed less sensitivity in relation to the private database, with 10.5 false positives per exam. Suiyuan [29] presented a technique that detects 100% of the database nodules with only 1.0 false positive per exam. However, the number of nodules used in the validation, their diameters and types were not informed, among other information necessary for comparison. For these reasons, it is not possible to state that these results can be replicated in other databases. The works of Ozekes and Osman [37] and Ozekes, Osman and Ucan [38] also showed sensitivity of 100%, but with false positive rates located in 44 and 13.375 per exam, respectively. Additionally, the number of nodules used for validation was only 11 and 16. Also, the types of nodules used were not informed. For these reasons, we cannot state that these results can be replicated in other databases.
Only 3 studies presented false positive rate less than 2 per exam. Santos et al. [4] showed sensitivity of 90.6% and 1.17 false positives per examination. However, only 72 nodules were used for validation. Suiyuan and Junfeng [29] had a rate of only 1.0 false positive per test, but the number of nodules used in the validation, their diameters and types were not informed, among other information necessary for comparison. Finally, Dehmeshki et al. [52] showed sensitivity of 91.0% and only 1.29 false positives per examination. However, only 33 nodules were used in a private database, and therefore, it is not possible to say that this performance will be replicated in tests with public databases.
Hence, it is clear that even the latest techniques have not yet overcome all the challenges presented in the task of detecting pulmonary nodules on CT scans. The increased sensitivity associated to low false positive rate, the ability to recognize different types, shapes and sizes of nodules, and easy integration with EMR and PACS, are essential to give credibility to CADe systems and allow their use in daily medical practice.
Future prospects
We believe that further research is needed to develop CADe systems or to optimize existing systems. Additionally, we also believe that a closer relationship between researchers and the medical community is necessary, since the lack of recognition of some specific needs have hindered the wide use of CADe systems. For us, the challenges that must be overcome to allow the use of CADe systems in daily medical practice, are:
• development of new techniques, or change existing ones, in order to increase the sensitivity and maintain a low number of false positives;
• the ability to detect different types of nodules (solid, partially solid or non-solid) at different positions, whether isolated, juxtavascular or juxtapleural;
• observe the evolution of CT scanners and develop algorithms that can detect and properly target micronodules (≤ 3 mm);
• development of a platform integration between EMR and PACS, observing industrial standards;
• use a large database of pulmonary nodules for algorithm evaluation, containing all types of nodules and in all locations, observing the proportion of the cases identified in the world and in specific regions;
• promoting approximation between the many parties involved in the process, such as government, physicians, patients, engineers, scientists and technicians.
Conclusion
This paper presented a critical review of techniques of automatic pulmonary nodule detection on 3D CT scans. The research included articles published up to December, 2014 on Web of Science, PubMed, Science Direct and IEEE Xplore databases. Advances in increasing sensitivity and reducing false positives have been obtained, but ideal rates are still to be achieved.
In general, many published studies showed potential for use in medical practice. However, some requirements still need to be achieved in order to facilitate their acceptance and use. For this reason, a closer relationship between the researchers and the medical community is necessary, since the lack of recognition of the specific needs have hindered a wider use of CADe systems. This will only be possible through a joint effort between the involved parties in the process, including government, physicians, patients, engineers, scientists and technicians.
For this reason, we believe that only this effort will foster the development of techniques and the generation of results closer to the needs of physicians, to be adopted in daily practice. Moreover, the integration of CADe systems with EMR and PACS is extremely important, and the improvements in sensitivity and reduction of false positives are essential requirements to generate reliable results.
Considering the critical review carried out, the analysis and evaluation of techniques with the best results, by analyzing the keywords that allowed us to obtain more effective results in the research and suggestions of future prospects in the development of CADe systems, this review is particularly useful for researchers working in the development and/or improvement of CADe systems for pulmonary nodule detection.
